Abstract: This paper presents a microwave/optical synergistic methodology to retrieve soil moisture in an alpine prairie. The methodology adequately represents the scattering behavior of the vegetation-covered area by defining the scattering of the vegetation and the soil below. The Integral Equation Method (IEM) was employed to determine the backscattering of the underlying soil. The modified Water Cloud Model (WCM) was used to reduce the effect of vegetation. Vegetation coverage, which can be easily derived from optical data, was incorporated in this method to account for the vegetation gap information. Then, an inversion scheme of soil moisture was developed that made use of the dual polarizations (HH and VV) available from the quad polarization Radarsat-2 data. The method developed in this study was assessed by comparing the reproduction of the backscattering, which was calculated from an area with full vegetation cover to that with relatively sparse cover. The accuracy and sources of error in this soil moisture retrieval method were evaluated. The results showed a good correlation between the measured and estimated soil moisture (R 2 = 0.71, RMSE = 3.32 vol.%, p < 0.01). Therefore, this method has operational potential for estimating soil moisture under the vegetated area of an alpine prairie.
Introduction
Information about distributed surface soil moisture content is important for assessing water availability for plant growth in alpine prairies because it impacts the length of the grazing season, the grass growth rate and nutrient uptake. Unfortunately, the spatial and temporal variations of soil moisture cannot be easily observed at large scales using conventional measurement techniques. Satellite remote sensing provides a uniquely effective and efficient means of monitoring and assessing soil moisture.
The change in the soil dielectric constant as a result of variation in soil moisture content has more influence than other characteristics [1] . Therefore, radar remote sensing is sensitive to soil moisture because its dielectric constant is one of the most important factors in radar backscattering intensity [2] . A number of models that simulate soil moisture based on synthetic aperture radar (SAR) data have been developed for bare soil [3] [4] [5] [6] [7] [8] [9] . However, these models cannot be applied directly in vegetated areas due to the scattering of vegetation [10] . Vegetation canopies complicate the retrieval of moisture in the underlying soil because canopies contain moisture of their own [11] . Thus, SAR acquisition corresponds to the combined signatures of vegetation and soil water [12, 13] . Due to multiple scattering effects of the canopies, the interaction between the contributions of soil moisture, vegetation and observed backscattering is highly nonlinear [11, 14] . Therefore, the key problem in the quantitative estimation of soil moisture is to separate the contributions of vegetation backscatter and vegetation-covered soil moisture backscattering from the observed backscattering.
To use SAR data for soil moisture estimation in a vegetated area, vegetation effects have been considered in several studies using vegetation scattering models [11, [15] [16] [17] [18] . The effects of vegetation on the SAR signature are controlled by its biophysical parameters (e.g., vegetation coverage and leaf area index), which can be derived by optical remote sensing. The vegetation parameters can be used to quantify vegetation attenuation of radar signals in radiative transfer function models [19] . To minimize the effect of vegetation, some researchers [14, [20] [21] [22] have attempted to use additional vegetation information provided by optical remote sensing, which has been widely used to derive information of vegetation properties. Furthermore, other studies [14, 23] have suggested that the accuracy of soil moisture estimates was significantly improved when optical and SAR data were combined as compared to estimates from SAR data only.
Despite many successful retrieval studies and promising results achieved, some issues in mountain areas still remain unexplored and further research is required [24, 25] . The retrieval from remote sensing is much more challenging because of the presence of topography. In this paper, a synergistic method for applying optical and SAR remote sensing data to estimate soil moisture in a vegetated area was developed. The method was based on the vegetation coverage for calculating the contribution of the fraction of vegetation and bare soil at the pixel level to better represent the difference in the scattering mechanisms between vegetation and bare soil. The vegetation information was extracted from optical remote sensing to correct the SAR observations for the vegetation effects based on the Water Cloud Model (WCM) [26] . Thirty meter resolution digital elevation model (DEM) data were used to correct terrain-induced distortions in the SAR data. The vegetation correction procedure was embedded within a soil moisture retrieval algorithm for which the surface scattering component was formulated by the Integral Equation Method (IEM) [6] . Then, the developed method was applied to estimate soil moisture in the alpine grassland.
Study Area and Data

Study Area and Ground Data
The field campaign was conducted over an alpine grassland located in the eastern part of the Qinghai-Tibet Plateau of China, called Ruoergai Prairie (approximately centered at 33°37ʹN; 102°54ʹE) ( Figure 1) . Ruoergai Prairie has a cold, humid plateau monsoonal climate with an average annual temperature of 0.7 °C and a total precipitation of 656.8 mm [27] . It is characterized by rolling hills that range from 3422 m to 3704 m in elevation. The frozen period of the Ruoergai Prairie is eight months. The snow begins to fall in October.
Coincident with the Radarsat-2 satellite overpasses, field campaign measurements of soil moisture and vegetation parameters were conducted over the study area. There are 97 sampling sites along a road distributed over the study area. Topography of the sampling sites is relatively flat. Each sampling site was 30 m × 30 m. Within each sampling site, soil moisture was measured using a Time-Domain Reflectometer (TDR) probe (Model CS659, manufactured by Campbell Scientific) at a soil layer of approximately 10 cm by inserting the rod into the ground vertically and characterized by a relative accuracy of 3% (Campbell Scientific, http://www.campbellsci.com/cs659). To reduce the measurement error, soil moisture was measured ten times at each of the sampling sites, and the average was then computed. Soil samples for moisture measurements in 50 sampling sites were also taken to calibrate the TDR. However, due to the small number of soil samples, it is possible that the calibration of TDR was imperfect. Meanwhile, the following parameters were measured in 50 sampling sites: vegetation biomass, leaf area index (LAI), vegetation height, vegetation water content, vegetation coverage, single leaf area, leaf density, physiological and biochemical parameters, leaf structure parameters and vegetation spectral properties. The vegetation biomass samples were clipped from three randomly selected plots (0.5 m × 0.5 m) within each sampling site weighed in situ, and dried in an oven at 120 °C for 30 min and then at 80 °C for 24 h. An LAI-2200 instrument was used to measure the LAI. The LAI was evenly measured for ten times. The average value of ten LAI values was considered to represent the LAI value of the sampling site. The average value of the measured biomass in the three plots was assumed to represent the value of the full sample site. The water content of samples was determined by weighing each sample before and after oven drying to estimate the vegetation water content (wet weight minus dry weight). A Full Range Portable Spectroradiometer (PSR-3500) was used for vegetation spectral measurements. In addition, to avoid mixed-pixel problem, the sampling sites were restricted to a distance of at least 300 m away from the roads.
Optical Remote Sensing Data
The The HJ-1A CCD1 image was collected during virtually cloud-free conditions on 4 August 2013. The following steps were used to preprocess the HJ-1 CCD image.
(1) Geometric correction: The images were geometrically referenced using a set of 30 ground control points measured by a differential global positioning system (GPS) unit. The root mean square error (RMSE) of the geometric correction was less than one pixel, which meets the geometry correction requirement.
(2) Radiometric calibration: First, the DN values of the raw image were converted to the at-satellite radiance using calibration coefficients ( 
where L is the apparent radiance, DN is the digital number of the raw image, α is the absolute calibration coefficient, and is the offset. The apparent radiance was then converted to apparent reflectance according to
where is the apparent reflectance of the band λ at the top of the atmosphere, D is the distance of the astronomical unit from the earth to the sun, θ is the solar zenith angel, and is the mean exoatmospheric solar irradiance in the λ. The exoatmospheric solar irradiance for HJ-1A CCD1 is listed in Table 1 .
(3) Atmospheric correction: the algorithm of 6S (the second simulation of the satellite signal in the solar spectrum) [28] , an atmospheric radiative transfer model, and HJ-1 CCD spectral response function were used to convert sensor radiance to directional surface reflectance. The study area is at the mid-latitude in summer and the aerosol type is continental. The parameters were inputted into the 6S code with surface assumption of non-uniform Lambertian to correct HJ-1 CCD image, and the outcome was atmospherically corrected reflective radiation. 
Radarsat-2 Data
Radarsat-2 has a C-band (approximately 5.6 cm wavelength) quad-polarized SAR sensor onboard with multiple configuration and polarization modes. Two SAR images were acquired on 4 August (descending orbit 29,446, center incidence angle of 37.2°) and 7 August 2013 (ascending orbit 29,482, center incidence angle of 31.1°), over the study area. The acquisition mode was fine quad polarization, right looking, and with a nominal spatial resolution of 8 m. The impact of different orbits is construed as minimal due to the relatively flat terrain in the sampling sites. Radiometric calibrations of the Radarsat-2 images were performed using calibration tools included in the Next ESA SAR toolbox (NEST), which were provided by the European Space Agency. The images were then projected using the Universal Transverse Mercator (UTM) (Zone 48N, World Geodetic System (WGS) 84). These products were then geometrically corrected using a set of 40 control points taken from the HJ-1 CCD image, which had been accurately corrected. The control points were evenly distributed, and the RMSE was less than 1.5 pixels for both Radarsat-2 SAR images. For speckle reduction, the SAR images were filtered using the 5 × 5 refined Lee speckle filter [29] . Finally, the pixel sizes of the Radarsat-2 fine quad images were resampled to a 30 m × 30 m resolution to facilitate integration with the HJ-1 CCD data.
Topography has a significant influence on the radiometric properties of SAR images [30] . In this study, 30 m resolution DEM data were used to correct terrain-induced distortions in the Radarsat-2 data. Based on the method introduced by van Zyl [31] , the backscattering coefficient of the SAR image was corrected to a reference surface:
where is the topographically corrected backscattering of each pixel. η is the local incidence angle, θ is the azimuth slope, and is the SAR incidence angle recorded in the metadata.
η was calculated as follows [32] :
where θ is the local slope angle and Δ is the relative azimuth angle between the local aspect and SAR azimuth. The azimuth slope θ can be determined from the following relationship [19] :
Radar shadows and layovers occur in areas with high relief and steep slopes when θ > η0 or η > 90° [19] . The topographic effects were irreversible in areas with layovers and shadows. These areas (less than 3.5% in this study area) were masked out in the process.
Methods
Radar backscattering responds to surface roughness and soil moisture; however, in a vegetated area, it can also be affected by vegetation cover and plant water content [18, [33] [34] [35] . Therefore, the backscattering from the vegetated area consists of the volume scattering from the vegetation and the surface scattering from the underlying soil. In addition, the signal scattering from the underlying soil is attenuated by the vegetation layer.
In this study, a microwave/optical synergistic model to simulate the radar backscattering from a vegetated surface based on the WCM [26] and IEM [6] was developed. The IEM was used to simulate the scattering from a bare soil surface, and the WCM was used to calculate the volume scattering and the two-way attenuation from the vegetation. In addition, the synergistic model included usage of the vegetation cover fractions derived from optical remote sensing data for the vegetation gap information. Then, the soil moisture was estimated by applying the inverted model.
Bare Soil Scattering
The backscattering from a bare soil surface mainly depends on the soil moisture content and soil surface roughness [17] . To determine the backscattering of the underlying soil ( ), the IEM [6] was employed in this study. In general, the IEM quantifies the backscattering coefficient from a surface as a function of its roughness parameters, its dielectric constant, and the characteristics of the acquired images (polarization, incidence angle, and frequency). The soil roughness is characterized by the root mean square height and correlation length. The dielectric constant is derived from the surface volumetric moisture content [33] . In this study, the dielectric constant was calculated by the Topp model [36] , which was validated for a wide range of soils under different conditions [37] . In a prairie environment, the vegetation complicates the assessment of the soil roughness. To overcome this problem, the surface height and the autocorrelation length was estimated using the method proposed by Magagi et al. [38] over the bare area.
Effect of Vegetation
Vegetation Backscattering Model
The IEM was originally developed to describe the scattering from bare soil surfaces only; therefore, vegetation backscattering effects are not explicitly incorporated in the model [11] . In this study, the WCM [26] was used to reduce the effect of vegetation. The WCM, introduced by Attema and Ulaby [26] , was developed for predicting the backscattering from a vegetated area. In this study, the basic structure of the WCM was adopted for characterizing the backscattering in our study area.
The WCM, which is a first-order approximation of the radiation transferred from vegetation canopies using empirical coefficients and parameters, assumes that vegetation consists of a collection of spherical water droplets that are structurally held in place by dry matter [11] . In the WCM, the total backscattering ( ) is represented as the incoherent sum of the contribution of the vegetation (
) and the contribution of the underlying soil ( ), which is attenuated by the vegetation layer. Thus, the WCM can be represented by the following equation:
where
2 2 exp( 2 B / cos θ)
In these equations, is the two-way attenuation through the canopy, is a description of the canopy, θ is an incident angle, and is a second description of the canopy. Because an important part of the scattering and attenuation is controlled by the leaves, many studies [17, 39, 40] propose using the LAI as the canopy descriptor. In this study, the canopy descriptors and were associated with the LAI, i.e., = = . The LAI was estimated from the optical imagery using PROSAIL model [41] . A and B are empirical coefficients that depend on the canopy type [40, 42] . To estimate the vegetation parameter A, Michigan Microwave Canopy Scattering model (MIMICS) [43] was used to calculate vegetation backscattering coefficients at locations where ground-based measurements of soil and other ancillary data are available. Then, the value of A was derived using the least squares method. The attenuation factor (τ) in Equation (6) was calculated using the method described by Wang [19] . Then, the value of B was obtained using the least squares method. The IEM model was used to replace in the WCM model. This replacement allows for a more realistic soil moisture contribution in the total backscattering of Equation (6) [2].
Modification of the Vegetation Backscattering Model
One assumption of the WCM described in Section 3.2.1 is that volume scattering is the predominant mechanism responsible for the backscattering from vegetation [26] . However, in the actual environment, vegetation is usually unevenly distributed and does not satisfy this assumption. Because of the strong influence from the underlying ground surface in sparse vegetation cover areas, the backscattering contribution of bare soil surfaces must be considered a key component in the total backscattering. In a previous study, the total backscattering was divided into the contributions from the surface covered by vegetation and the fraction representing direct backscattering from bare soil surfaces [44] [45] [46] . In this study, the scattering mechanism for the vegetation cover component and bare soil component in a pixel were separated by vegetation coverage. First, the backscattering was calculated using a vegetation backscattering model under the assumption that a pixel was fully covered by vegetation. Then, the actual backscattering coefficient from the fraction of the surface covered by vegetation was calculated based on the vegetation coverage. Then, the actual backscattering coefficient from the fraction of the surface covered by vegetation was calculated based on the vegetation coverage. Similarly, the actual backscattering coefficient for the fraction representing direct backscattering from the bare soil surface was calculated using the fraction of the bare soil. Therefore, the total backscattering from a pixel can be expressed as:
where is the vegetation coverage. can be calculated using the IEM. Equation (9) may be combined with Equation (6) and rewritten as:
In this study, the vegetation coverage was delineated using a Dimidiate Pixel Model (DPM) [47] with optical remote sensing data. Thus, vegetation coverage ( ) can be expressed as:
where NDVI is the normalized difference vegetation index calculated from the HJ-1 CCD data. NDVImax and NDVImin are the normalized difference vegetation indexes of an area covered by full green vegetation and bare soil, respectively. In the DPM, the NDVI of a pixel is the sum of the complete vegetation NDVI (NDVImax) and the non-vegetation NDVI (NDVImin).
Inversion of Soil Moisture
In this study, an inversion scheme was developed that made use of the dual polarizations (HH and VV) available from the quad polarization Radarsat-2 data. After minimizing the effect of vegetation on the backscattering coefficient by the modified WCM, a look-up table (LUT) was developed to estimate soil moisture. To build the LUT, the parameters combinations were generated and used in the forward calculation of IEM. This method involved the creation of a table of backscattering coefficients associated with the surface soil moisture and roughness generated by performing multiple runs of the IEM within its validity range. To prevent too-wide parameter spaces and to reduce the size of the parameter spacing, the maximum and minimum values of soil moisture were fixed based on the prior knowledge from the field data collection. The implemented direct search algorithm attempts to minimize the merit function S, as shown in Equation (12), which represents differences between the measured and simulated backscattering coefficients.
where and are the backscattering of the Radarsat-2 images at the HH polarization and at the VV polarization, respectively. and are the simulated backscattering at the HH polarization and at the VV polarization, respectively. The LUT is used to assess the best-fit value for and with a minimal S; however, because of the measurement's uncertainty and the ill-posed inverse problem, the solution is usually not unique and is instead a range of estimated parameters. The mean value of the estimated parameters is taken as the estimated final result if the results are not unique. To verify the accuracy of this model inversion, a comparison is conducted between the measured and estimated soil moisture values using the correlation coefficient of determination (R 2 ) and the RMSE.
Results and Discussion
Backscattering Simulations
The backscattering model was applied in its forward mode to simulate the total backscattering coefficients ( ) using the surface parameters. Two-thirds of our data points from the field surveys (approximately 65 samples) were used to parameterize the backscattering model. The remaining one-third of the dataset (approximately 32 samples) was used to validate the model. To perform a comprehensive evaluation of modified backscattering model described in Section 3.2.2, the reproduced backscattering was achieved by applying the backscattering model described in Section 3.2.1 and modified backscattering model described in Section 3.2.2, respectively. Figure 2 shows scatterplots that represent the relationship between the SAR measured and predicted backscattering using the backscattering model described in Section 3.2.1 ( Figure 2a is the scatterplot for HH polarization and Figure 2b is the scatterplot for VV polarization). The relationship between the measured and predicted backscattering (Figure 2 ) proved linear, but it had a moderate correlation (R 2 = 0.58, p < 0.01 for HH polarization; R 2 = 0.52, p < 0.01 for VV polarization). An interesting phenomenon is shown in Figure 2 . The higher backscattering zone has larger deviations from the 1:1 lines than the lower backscattering zone for both HH polarization and VV polarization. In other words, compared to the lower backscattering zone (backscattering less than −14 dB for HH polarization; backscattering less than −17 dB for VV polarization), the higher zone showed relatively higher correlations between the predicted and measured backscattering for both HH polarization and VV polarization. In previous studies [44, 48] , a negative relationship was found between backscattering and vegetation biomass. Therefore, the backscattering decreases with the increase of vegetation biomass. The backscattering decreased with increasing vegetation biomass at low values of the radar signal saturation because the decreasing contributions of soil roughness and moisture impacted the backscattering [49] . In this study, no samples were greater than the saturation level at the C-band (2.0 kg/m 2 ) [50] . Considering this claim, it can be assumed that errors in the backscattering model occurred mainly for the plots with relatively low vegetation densities. This phenomenon may be explained by the less-sensitive WCM for relatively sparse vegetation conditions. This view also supports the condition that volume scattering is the dominant mechanism responsible for the backscattering from vegetation when applying the WCM [26] .
The backscattering was obtained assuming that the vegetation was homogeneous such that vegetation gap information was not accounted for in the backscattering model described in Section 3.2.1. Thus, the predicted backscattering was less accurate when gaps were present. In view of the sparse and patchy vegetation pattern, the applicability of the assumption was assessed by implementing the assumption only for the relative fraction of vegetation cover and by adding a backscattering component of the complementary soil fraction. The scatterplots demonstrate a strong linear correlation between the measured and predicted backscattering using the modified backscattering model (Figure 3a is the scatterplot for HH polarization and Figure 3b is the scatterplot for VV polarization). The predicted backscattering achieved by the modified backscattering model showed that the correlations between the measured and predicated backscattering was improved by including the effect of bare soil in the entire range of backscattering levels (for HH polarization, R 2 increased from 0.58 to 0.79 and the RMSE decreased from 2.04 dB to 1.40 dB; for VV polarization, R 2 increased from 0.52 to 0.77 and the RMSE decreased from 2.45 dB to 1.69 dB), especially for the higher backscattering zone (relatively sparse vegetation zone). This may indicate that the modified backscattering model has a higher sensitivity to relatively sparse vegetation conditions. The result demonstrated that the use of vegetation cover fractions could separate the scattering mechanisms of the fractions of vegetation cover and bare soil cover, and the accuracy of the backscattering modeling was significantly improved. The problem of sparse vegetation cover and the strong effect from bare soil patches could be minimized by implementing the modified model.
To understand the behavior of the model under different vegetation conditions, the results achieved terms of prediction accuracy (RMSE) and the goodness of fit (R 2 ) are reported in Table 2 . As observed in Table 2 , backscattering modeled by the modified model demonstrated a significant improvement over the basic model under relatively sparse vegetation conditions, possibly suggesting that the modified model had a higher sensitivity to relatively sparse vegetation conditions. However, the accuracy did not vary significantly under the relatively density vegetation conditions. It may be because that the backscattering contribution of bare soil surfaces was a very small component in the total backscattering under the relatively density vegetation conditions. To demonstrate the spatial performance of the proposed method in this study, the error of model simulation was defined as the absolute difference between the modeled and the Radarsat-2 SAR observed backscattering (dB):
where and are the backscattering of the modeled and the observed backscattering, respectively. Figure 4 shows the error map on 4 August 2013 for HH polarization. The areas with layovers and shadows were masked out in the process. Model errors for most of the study area were lower than 2 dB, indicating that the model simulation worked well in these areas. However, in the areas with high relief and steep slopes, model errors could be higher than 6 dB, suggesting that soil moisture estimation by model inversion was not reliable in these areas.
Soil Moisture Estimation
The soil moisture estimation was performed by applying the LUT described in Section 3.3. Figure 5 shows the relationship between measured and predicted soil moisture when using the WCM to reduce the effect of vegetation. We observed that all the predicted soil moisture was overestimated when the soil moisture less than 19 vol.%. This phenomenon may be explained by the strong influence of vegetation. When the vegetation is characteristically sparse, the backscattering increment from vegetation exceeded the soil backscattering reduction due to vegetation attenuation [2] . The biomass of these plots is less than 0.3 kg/m 2 . Thus, the vegetation is sparse, it may cause that the attenuation on soil backscattering is lower than the backscattering increment from vegetation. Therefore, the soil moisture in these plots was overestimated.
The relationship between the measured and estimated volumetric soil moisture using the modified model is graphically represented in Figure 6 . A linear relationship between the predicted and measured soil moisture ( Figure 6 ) was observed, which suggests that the method described here could be effectively used to estimate soil moisture in an alpine prairie. However, as shown in Figure 6 , the soil moisture values in wetter area had larger deviations from the 1:1 line than those in the relatively dryer area. In other words, there were larger retrieval errors in the wetter area than in the dryer area. This may be due to the high sensitivity of backscattering to changes in soil moisture with low soil water content; however, for wet soil, the backscattering is less sensitive [51] . This behavior may also be explained by the lower sensitivity of the IEM to soil moisture under wet conditions [52] , and the IEM simulations show saturation behavior before the actual radar signals [53] . It may indicate that this method is problematic for estimating soil moisture under wet conditions. The result reveals that volumetric soil moisture may be estimated with a maximum error of ±24.8% ( Figure 6 ). The errors in the soil moisture estimation were not merely from the simulation and inversion. They could also be partially caused by the data preprocessing. The main error sources that cause poor soil moisture estimates are as follows: (1) Because of measurement uncertainty and the ill-posed problem, the mean values were used as the inverse results when the solution was not unique. If a randomly solution was selected as the inverse result, the maximum error of the estimated soil moisture was ±64.6%; (2) Errors in the percentage of vegetation cover and LAI calculated from the optical imagery may have directly introduced errors into the soil moisture retrieval. The percentage of relative error was small for LAI; (3) In some areas of the image, the topography may cause errors in the inversion. Topographic distortions in the side-looking SAR image cannot be easily corrected in the mountainous area. As shown in Figure 4 , model errors in the relatively flat area were lower than 2 dB. However, in the areas with high relief and steep slopes, model errors could be higher than 6 dB.
It suggesting that soil moisture estimation by model inversion was not reliable in these areas; (4) The acquisition times for the ascending and descending orbits of Radarsat-2 are different (morning and evening). The presence of dew drops in the morning may act to increase the dielectric constant of vegetation [54] . It may have directly introduced errors into the soil moisture retrieval. However, these error sources are not severe. Figure 5 . Scatterplot illustrating the relationship between the measured and predicted soil moisture when using the WCM to reduce the effect of vegetation. Figure 6 . Scatterplot illustrating the relationship between the measured and predicted soil moisture when using the modified WCM to reduce the effect of vegetation.
Conclusions
This paper presents a microwave/optical synergistic method to estimate the soil moisture in a grassland area based on the IEM and modified WCM. To estimate the soil moisture using the IEM in a vegetated area, the vegetation contribution to the signal is removed with the use of the modified WCM. Then, the soil moisture over an alpine prairie was estimated from Radarsat-2 data.
Most of the previous studies on backscattering modeling of natural vegetation and agricultural crops assume that the vegetation is unified [44] . Therefore, it was difficult to use those models on a wide area where the vegetation ranged from fully to relatively sparse cover. In this method, the advantages of optical and microwave remote sensing methods were synthesized; the latter was used as the main method and the former as a supplementary method. The parameters retrieved by the optical model were the inputs to the microwave remote sensing model. The method uses vegetation coverage derived from optical data for calculating the contributions of the fractions of vegetation and bare soil at the pixel level to better represent the difference in the scattering mechanisms between vegetation and bare soil. The results show that the proposed approach can successfully predict backscattering from the alpine prairie. Furthermore, the capability of estimating soil moisture with this method is proven by quantitative comparisons between the measured and predicted values in the study area. These results demonstrate that the proposed method has a large potential for soil moisture retrieval of soils under vegetation because it can accurately estimate the soil moisture in areas that are either fully or sparsely covered by vegetation. Finally, the errors associated with the soil moisture estimation using this method were analyzed. It was found that the data preprocessing, model simulation and inversion could introduce errors into the soil moisture retrieval.
The estimated soil moisture information can be used to monitor the drought conditions of the prairie, which can guide the management of the grassland. In the near future, this model will be used to monitor the annual soil moisture changes in Ruoergai Prairie to study the grassland degradation and land desertification.
